Abstract-Spatial heterogeneity of land surface induces scaling bias in leaf area index (LAI) products. In optical remote sensing of vegetation, spatial heterogeneity arises both by textural and contextual effects. A case study made in the middle reach of the Heihe River Basin shows that the scaling bias in LAI retrieval is large up to 26% if the spatial heterogeneity within low-resolution pixels is ignored. To reduce the influence of spatial heterogeneity on LAI products, a correcting method combining both textural and contextual information is adopted, and the scaling bias may decrease to less than 2% in producing resolution-invariant LAI products.
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I. INTRODUCTION

L
EAF area index (LAI) influences vegetation photosynthesis, transpiration, and energy balance of the land surface [1] . It is a key parameter in climate, hydrology, and ecosystem productivity models [2] . Over the last decade, a number of LAI products became available. Most of them were derived from low resolution (refer to lower than or equal to 1 km in this letter) remote sensing measurements [3] , [4] . When retrieving LAI products, a transfer relationship, such as lookup table [3] , empirical relationship [4] , and neural network [5] , is required to relate remote sensing measurements to LAI. Generally, the transfer relationship is established and calibrated at patch scale and works well as long as the terrestrial surface is homogeneous [6] . However, in reality, the terrestrial surface within the footprint of a low-resolution pixel is almost heterogeneous [7] . When applied at pixel scale directly, the transfer relationship may induce scaling bias due to its nonlinearity and surface heterogeneity. Furthermore, scaling bias would propagate to the subsequent applications [8] . Therefore, it is necessary to take the spatial heterogeneity into account in estimating LAI from low-resolution satellite measurements.
In optical remote sensing of vegetation, surface heterogeneity arises both by textural (e.g., spatial clumping of foliage and growing difference) and contextual effects (e.g., the presence of multiple types of land cover) [9] , [10] . Several methods for eliminating the influence of spatial heterogeneity on LAI retrieval have been developed. However, textural [11] , [12] and contextual [9] , [13] effects were taken into account separately in most of the existing scaling algorithms, so the residual scaling bias is retained for the low-resolution pixels with textural and contextual effects integrated together. Recently, Wu et al. [14] have developed a joint algorithm to eliminate both the textural and contextual effects. To evaluate the algorithm, they applied it to a simulated image constructed from a classification map other than in any practical remote sensing scenario. For the contextual effect, only the mixture of different vegetation types was accounted for in the evaluation.
Taking the middle reach of the Heihe River Basin in Northwest China as a study area, we have analyzed the relationship between scaling bias and heterogeneity. To reduce the scaling bias in LAI products, Wu's algorithm [14] is improved to account for the mixture of vegetation and nonvegetation, which is a more common scenario in our study area. Finally, the improved joint algorithm is evaluated against a Landsat5/TM image that covered the study area.
II. METHODOLOGY
A. Description of Spatial Heterogeneity
In this letter, spatial heterogeneity is described in terms of the following two components [15] 2) the mixture of different land cover types within a lowresolution pixel, i.e., mixed pixel. In a vegetation-dominant low-resolution pixel, the density change generally comes from foliage clumping and different growing conditions. It can be characterized by local variance [16] , s 2 , computed from the corresponding subpixels. Meanwhile, the land cover mixture can be quantified by vegetation area fraction a v . The vegetation area fraction can serve as an indicator of the purity of a low-resolution pixel. The pixels with a v > 0.9 are considered as pure pixels in this study. In a pure pixel, it is assumed that the heterogeneity comes from density change only. The local variance s 2 and vegetation area fraction a v represent the textural and contextual effects, respectively.
B. Algorithms for Spatial Scaling
For a low-resolution pixel, its corresponding LAI value can be derived from low-resolution pixel directly (method 1) or arithmetic averaging of LAI values estimated by corresponding fine-resolution measurements (method 2; Fig. 1 ). Most of the radiative transfer models and LAI inversion algorithms are developed based on pure pixel. The LAI retrieved at fine resolution has high accuracy because the pixel is unmixed and there is no bias due to the scaling effects. Therefore, the result from method 2 is generally treated as the true LAI (LAI true ) [17] . Meanwhile, the obtained LAI from the former method is hereafter referred to be apparent LAI (LAI app ). The difference between LAI app and LAI true is defined as scaling bias [12] , [17] 
The scaling bias is derived from the discrepancy of the representative space between low-and high-resolution pixels. Therefore, scaling bias can be seen as the representativeness error [18] of a low-resolution pixel.
To quantify the scaling bias at a given spatial resolution m, we introduce the mean relative scaling bias
where N is the number of low-resolution pixels covering the scene. LAI Within a pure pixel (a v > 0.9), the remote sensing measurement values of subpixels vary continuously. The scaling bias e m caused by the textural effect can be approximated by a secondorder Taylor expansion, and the LAI with textural correction (LAI corr tex ) can be represented as [11] , [12] 
where s 2 m is the local variance, r m is the aggregated remote sensing measurement at the low resolution m, and f (r m ) is the second derivative of the transfer relationship at r m .
For the pixels mixed with different land covers, assuming that the subpixels in a low-resolution pixel are classified into vegetation and nonvegetation, the corrected LAI LAI corr con after removing the contextual effect can be calculated as [9] 
where LAI veg is the LAI of the vegetation subpixels and r v is the averaged remote sensing measurements over the vegetation subpixels within a low-resolution pixel.
In order to correct the textural effect in the vegetation subpixels, (3) is substituted into (4), and this yields
where s 2 v is the local variance within the fraction of vegetation. LAI corr tex−con is the corrected LAI after removing the textural and contextual effects.
It is shown from (5) that the scaling bias is derived from the nonlinearity of the transfer relationship and the spatial heterogeneity of the land surface. The nonlinearity of f is quantified by its second derivative, and the spatial heterogeneity is quantified by vegetation area fraction and local variance within the vegetation region of the low-resolution pixel. Unlike [14] which placed emphasis on the mixture of different vegetation types, in this letter, we take into account a more common scenario in our study area (see Section III), namely, the mixture of vegetation and nonvegetation. To achieve this goal, the linear spectral unmixing technique is used to remove the influence of nonvegetation on the total reflectance of low-resolution pixels and get r v in (5). In the spectral unmixing process, the reflectance of a low-resolution pixel is regarded as the sum of reflectances of vegetation and nonvegetation weighted by their respective area fractions. For simplicity, the reflectance of nonvegetation is assumed as constant in the study area.
III. STUDY AREA AND THE LAI TRANSFER RELATIONSHIP
The study area is in the middle reach of the Heihe River Basin in Zhangye city, Gansu, China (Fig. 2) , which is located between 97.1
• E-102.0 • E and 37.7
• N-42.7
• N. The dominant land cover types in this area are crop, desert, and town. The Heihe Watershed Allied Telemetry Experimental Research program (HiWATER) [20] has been implemented in this basin since 2012. The highlights of this program are the use of some new observing techniques to capture multiscale heterogeneities and to address complex problems, such as heterogeneity, scaling, and uncertainty at the watershed scale. This research is A Landsat5/TM image acquired on August 14, 2010, with 1925 × 1700 pixels, as shown in Fig. 2 , was used. The radiance calibration and atmospheric correction was implemented using FLAASH modal of ENVI software. The NDVI was calculated based on the corrected image. The histogram of the NDVI image shows a bimodal distribution, with the peaks located around 0.64 and 0.09 representing vegetation and nonvegetation, respectively. According to the NDVI threshold (0.15), the TM pixels were categorized into two types, namely, vegetation and nonvegetation. The obtained binary image was used to estimate the vegetation area fraction in aggregated lowresolution pixels. To calculate the reflectance of the subpixels of vegetation [r v in (4) and (5)] in a low-resolution pixel through linear spectral unmixing technique, the reflectance values of nonvegetation (mainly soil) were set to be 0.19 and 0.25 at red and near-infrared bands based on the field measurement by the Analytical Spectral Devices [21] .
The transfer relationship was constructed based on the SAILH model [22] simulation. The input parameters were set at typical values (see Table I ). The spectral response function of the Landsat sensor was taken into account. Finally, the transfer relationship can be expressed by the following equation:
The transfer relationship (6) was used specifically to study the relative scaling bias at low resolution, and its accuracy to estimate the absolute LAI value does not influence the analysis results, so the validation of the transfer relationship was not addressed here. The formula for spatial bias correction in our study area can be deduced by substituting (6) into (5) In order to analyze the influence of spatial heterogeneity on the accuracy of LAI retrieval, two LAI images with 3000-m resolution were produced according to the two methods depicted in Fig. 1 . According to method 1, the TM image after the preprocessing was first averaged to get the 3000-m reflectance image, and then, the apparent LAI was calculated based on (6) . As to the true LAI, the LAI image was first calculated and then aggregated to 3000-m resolution.
IV. RESULTS AND ANALYSIS
A. Scaling Bias Due to Spatial Heterogeneity
It is evident that the information on surface heterogeneity within a low-resolution pixel is mostly lost. This informationloss phenomenon reduces the accuracy of low-resolution LAI products. Fig. 3(a) shows a pixel-by-pixel comparison between LAI app and LAI true at 3000-m spatial resolution. It can be seen that LAI app is always less than LAI true , i.e., the LAI is underestimated when retrieved from low-resolution image directly. There are many factors to cause the LAI underestimation of low-resolution pixels. Fig. 3(b)-(d) shows the difference between LAI app and LAI true when the vegetation area fractions inside the pixel lie in the range of (0.9, 1], (0.7, 0.9], and (0.5, 0.7], respectively. When the pixel is approximately pure as shown in Fig. 3(b) , the relative scaling bias is 11%. The slight underestimation is mainly attributed to the convex of the transfer relationship between LAI and NDVI. According to Jensen's inequality, the convex transformation of a mean is less than or equal to the mean after convex transformation. When the pixel becomes more mixed with soil or desert as shown in Fig. 3(c) and (d), the relative scaling bias increases to 24% and 45%.
The relative scaling bias was mapped as shown in Fig. 4 . Fig. 5 shows the corresponding vegetation purity map. The vegetation purity is defined as the vegetation area fraction in the whole pixel. The vegetation area fraction is generated based on the TM image by the NDVI threshold method. It can be seen from Figs. 4 and 5 that the spatial distribution patterns of the scaling bias and the vegetation purity are very similar. The large scaling biases are mainly distributed in the landscape transitional zones, e.g., urban-rural fringe and oasis-desert fringe. In the middle of the oasis, the relative scaling bias is generally lower than 20%. On the margin of the oasis, the relative scaling bias of a lot of pixels reaches higher than 40%. It reveals that the land cover mixture is a very important factor to be considered in the spatial scaling of LAI. Fig. 6 compares the true and apparent LAIs after scaling bias correction using different methods at 3000-m spatial resolution. We can see that the mean relative scaling bias decreases from 26% to 17% after correcting by texture and to 11% by context. It shows that the accuracy after the contextual correction is superior to that after the textural correction. This is determined by the heterogeneous characteristic of the study area. It is a crop planting area, and the crop growth in each patch is relatively homogeneous. The average subpixel scale local variance of NDVI in the vegetation area in all of the 3-km pixels is only 0.03. It reveals that no obvious heterogeneity in texture scale exists and, as a result, brings the limited scaling bias. However, the average vegetation fraction of the pixels tagged as vegetation in the study area is about 0.80. The nonvegetation types are mainly soil and desert. The mixture of the vegetation and nonvegetation is the main heterogeneity source. Therefore, the scaling correction by context improves the LAI inversion obviously. Promisingly, a noticeable improvement is obtained through the joint method. This joint method reduces the mean relative spatial scaling bias to 2%. The correlation between LAI corr and LAI true is also significantly improved as illustrated by the determination coefficient increasing from around 0.50 (corrected by either texture or context) to 0.80 (corrected by both texture and context).
B. Results After Correction
The overall performances of the correction methods by either texture or context and both are illustrated in Fig. 7 . The mean relative scaling bias increases with the decrease in the spatial resolution. The joint method gets resolution-invariant results with mean relative scaling bias always lower than 2%. This demonstrates the feasibility of the improved joint scaling method in our study area.
V. CONCLUSION
Taking the middle reach of the Heihe River Basin in Northwest China as a study area, the factors inducing scaling bias were quantitatively analyzed. The analysis results show that, without regard to the heterogeneity within low-resolution pixels, the LAI tends to be underestimated, and the mean relative scaling bias can be up to 26% at 3000-m resolution. The nonlinearity of the transfer relationship and the spatial heterogeneity in terms of textural and contextual effects account for the scaling bias. To reduce the influence of spatial heterogeneity on LAI retrieval, a correcting method combining both textural and contextual information is adopted. This method accounts for the density change in LAI within a patch and the mixture of vegetation and nonvegetation. Through this method, we got a resolution-invariant LAI product with scaling bias lower than 2% in the study area.
Due to the algorithm limitation, the physical mechanism of the influence of the spatial heterogeneity on LAI retrieval cannot be analyzed and discussed. Further understanding on the mechanism requires research and modeling on the radiative transfer process in the heterogeneous pixels, and it will be the focus of our future work.
